
Investigating the Factors Affecting
Speeding Violations in Jordan Using
Phone Camera, Radar, and Machine
Learning
Bara’ W. Al-Mistarehi 1*, Ahmad H. Alomari2, Rana Imam3 and Tasneem K. Alnaasan1

1Department of Civil Engineering, Jordan University of Science and Technology (JUST), Irbid, Jordan, 2Department of Civil
Engineering, Yarmouk University (YU), Irbid, Jordan, 3Department of Civil Engineering, The University of Jordan, Amman, Jordan

Traffic accidents are considered the leading cause of death for the age group (5–29). They
cause approximately 1.3 million deaths every year. Different factors cause traffic accidents;
one of them is speeding violations. This work studied speeding violations and the factors
that affect them in Irbid, Jordan. Several factors related to the driver, environment, vehicle,
road, and weather conditions were studied. The analysis results showed that age, vehicle
type, speed limit, day of the week, season, accident year, accident time, license category,
and light condition affect speeding violations. To be more specific, young drivers, morning
rush hours, clear visibility during daylight, the winter season, slippery roads (due to rain,
snow, or ice at low temperatures), and a speed limit of 40 km/h in residential areas; were all
associated with a high percentage of speeding violations. Seven hot spots for speeding
violations in Irbid were specified, and the free flow speed was measured using the radar
and video at these hot spots. The 85th percentile speed was estimated, and the results for
all locations were less than the speed limit. In addition to that, the radar and video
measurements were compared to specify the most accurate method. The results did not
show any difference between the measurements.
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INTRODUCTION

With the increasing demand for commercial shipments, people, and mobility by air, marine, and
land, there is an urgent need not just to raise the capacity of the roads connecting the various service
providers and infrastructure between the different types of transport modes (Belokurov et al., 2020;
Dulebenets, 2020; Elmi et al., 2022). There is also a necessity to discover new policies to manage
traffic flow and passenger movements, evolve public transport, and shift the dependency on
passenger cars toward a shared mobility future with better use of intelligent transportation
systems (Enoch et al., 2020; Albayrak et al., 2020; Rahimi et al., 2021). On the other hand, the
increasing traffic volumes (passenger and freight) on roadways result in higher exposure for road
users and an increased risk of accidents associated with the driver, environment, vehicle, road, and
weather conditions. Traffic accidents are considered the leading cause of death for the age group
(5–29). They cause approximately 1.3 million deaths every year (WHO and World Health
Organization, 2021). In Jordan, traffic accidents are among the top ten causes of death (CDC,
2014). According to the Annual Report for Traffic Accidents in Jordan for the year 2019, there were
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161,511 traffic accidents that resulted in 643 deaths, 792 severe
injuries, 6062 moderate injuries, and 10,159 slight injuries. The
cost of these accidents was estimated to be 324 million Jordanian
Dinars (PSD and Jordanian Public Security Directorate, 2019;
Alomari et al., 2021a; Bara’W et al., 2021; Al-Mistarehi et al.,
2021; Hazaymeh et al., 2022).

Speeding is one of the causes of traffic accidents. According to
a study of 345 Ghanaian drivers, speeding behavior dominated
the drivers’ behaviors compared with overtaking. Speeding
behavior increases as the influence of the motivational factors
increases, such as the presence of friends, feeling comfortable
while speeding, and previous experience in driving (Atombo
et al., 2016). In Riyadh, Saudi Arabia, speeding is the first and
main cause of severe injury accidents and Property Damage Only
(PDO) accidents (Al-Ghamdi, 2003). Also, high speed is
responsible for the high percentage of pedestrian fatalities in
Kuwait (Koushki et al., 2001). In Jordan, it was revealed that when
the difference between the design speed and the speed limit is
greater than 10 km/h, there would be an increase in the speed
variance and its safety severity (Alomari et al., 2021b; Alomari
et al., 2021c). Obaidat et al. (2008) studied speeding in Jordan as
one of the most dangerous driver behaviors. The most important
reasons behind this behavior were an emergency, running late for
work, traffic jams, road grade, terrain type, social culture, low-
speed limit, and wrong overtaking. Mujalli (2018) studied the
main factors that lead to traffic accidents. The researcher found
that speeding is one of the violations that can lead to traffic
accidents with high severe injuries or fatalities. Jadaan et al.
(2021) studied driving behavior in Amman, Jordan. Their
study revealed that speeding is the most frequent traffic
violation. Results showed that 30% of drivers ignore speed
limits late at night and early morning. Almost 36% of the
respondents reported that speed cameras are the most effective
tool for traffic enforcement. Atieh et al. (2020) examined
Jordanian speeding behavior in Amman, Jordan. The results
showed that speeding is significantly influenced by three
factors: being late for work, being alone in the vehicle, and
emergencies. Also, it was found that 23.1% of respondents
mentioned that speeding is a habit for them. Another study in
Jordan conducted by Bener et al. (2019) indicated that excessive
speed, mobile phone usage, and driving skills increase accidents.
Mobile phones and excessive speed were the most vital factors
that cause accidents.

Al-Omari et al. (2013) investigated the influence of vehicle and
driver on the vehicle’s speed in Jordan. It was found that higher
speeds are associated with male and young adult drivers,
passenger cars, new vehicles, and seat belt usage. On the other
hand, loading vehicles and increasing the number of occupants in
a vehicle were associated with lower speeds. Zamanov (2012)
studied the factors that increase the percentage of speeding
violations. Regression and analysis of variance (ANOVA) were
used to analyze the data. It was revealed that the driver’s age and
gender were the most influential factors. Also, street lighting and
median width affected speeding violations. Shawky et al. (2017)
studied the effects of different factors on speeding violations to
specify the best positions of speed cameras on highway in Abu
Dhabi, United Arab Emirates (UAE). A negative binomial

analysis was conducted to predict speeding violations. The
examined variables were related to roads, traffic information,
and camera characteristics. The results indicated that speed limits
influenced speeding violations at a 95% confidence level. Also,
speeding violations increased during weekends on rural highways
because of the road-based trips between different cities. Wu and
Hsu (2019) studied speeding violations in northern Taiwan using
the association rule algorithm. Different factors, such as gender,
age, violation area, and day of the week were investigated. The
outcomes indicated that female drivers and those in the age group
(18–24) were more likely to violate speed limits. Also, midnight
and dawn time had a significant influence on speeding violations.
(Inada et al., 2021) used time series to examine collisions caused
by speed-related traffic violations in Japan during the COVID-19
lockdown period. They found no proof that the number of fatal
accidents caused by speeding went up during the lockdown.
According to Bolsunovskaya et al. (2021), 90% of accidents
result from drivers violating the speed limit and other travel
rules. They designed an information system structure to
photograph and videotape traffic speed violations. A
performance evaluation conducted at the conclusion
demonstrated that developing an information system is cost-
effective and will pay for itself in the shortest possible time. The
developed complex outperforms existing systems in terms of
precision and data reliability.

Javid and Al-Roushdi (2019) examined drivers’ speeding
behaviors in Oman. A questionnaire was used to study the
effect of drivers’ attitudes on speeding behavior. Three
hundred samples were analyzed using multivariate statistical
analysis. The outcomes indicated that young and male drivers
were more likely to violate speed. Driving culture, the driver’s
personality, and situational constraints were associated with
drivers’ speeding behavior. Cheng et al. (2019) employed a
binary logistic regression method to study speeding violations
in Wujiang, China. The findings revealed that license plate,
rainfall, speeding area, and season all impacted speeding
violations. A decision tree was used to specify the factors that
influence speeding violations. It was found that heavy rain,
autumn, and foreign licenses were associated with a high level
of speeding violations. Sutela and Aaltonen (2020) investigated
speeding sanction rates in Finland in terms of weather conditions
and temporal characteristics. Generalized additive models were
used for the analysis. The outcomes revealed that rainfall reduced
the rate of speeding sanctions. Lunchtime (11 a.m.–3 p.m.) scored
the highest speeding sanction rates. (Ambo et al., 2020)
investigated the factors that led to different types of traffic
violations, such as speeding and illegal parking, in Luzhou,
China. A multinomial logistic regression model was developed.
The marginal impact and odd ratio were estimated to determine
the effect of independent variables on the dependent one. The
outcomes showed that buses and vehicles used for passenger
transport were associated with speeding violations. Also, the odd
ratios for the morning and rainy weather were more than one.
This indicates that these variables had a significant effect on
speeding violations.

A very limited number of researchers studied speeding
violations, and no previous study used traffic accident data,
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cameras, radar, or machine learning to study these violations.
Machine learning has been used extensively in various civil
engineering fields and applications. In structural engineering,
Gene Expression Programming (GEP) was used by Murad
Zuhair (2021) to predict the bidirectional shear strength of
columns subjected to biaxial cyclic loads based on a database
collected from different experimental studies found in the
literature. In pavement evaluation, (Imam et al., 2021)
adopted GEP for the first time to predict the Pavement
Condition Index (PCI) from the International Roughness
Index (IRI) using data that was half compiled from the
existing literature and the other half was measured and
collected in the field by the authors. Using genetic
algorithms and artificial neural networks, (Hanandeh,
2022a) developed a mathematical model to estimate the
quality index of flexible pavements. According to the
results, the genetic algorithm model outperforms the neural
network in performance. As for geotechnical engineering,
(Tarawneh and Imam, 2014) developed Artificial Neural
Network (ANN) models to predict pile setup for three pile
types (pipe, concrete, and H-pile) using 169 dynamic load tests
obtained from the published literature and the authors’ files.
An evaluation framework for the unconfined compressive
strength (UCS) of soils was developed by Al Bodour et al.
(2022) using gene expression programming and deep learning
methods. The study found the main soil parameters, gave
applicable models for figuring out UCS, found essential
links between UCS and the void ratio, and found the clay
content breakpoint. Circular Failure of Soil Slopes was studied
using Classification and Predictive Gene Expression
Programming Schemes by Hanandeh (2022b). Higher unit
weight, cohesion, and internal friction angle increased
safety, whereas higher slope height, incline, and pore
pressure decreased safety. In traffic safety, (Al-Mistarehi
et al., 2022) used R Studio and ArcGIS to forecast the
severity of traffic collisions using machine learning models:
random forest, decision tree, and Boost tree algorithms. The
random forest model was the optimal algorithm for forecasting
crash severity levels. Kuşkapan et al. (2021) used spatial
analysis and machine learning algorithms to investigate
speed violations by heavy vehicles on highways. The naive
bayes (NB) algorithm outperformed support vector machines
(SVM) and k-nearest neighbors (KNN) algorithms in terms of
both effectiveness and error scales. Decision Trees are used in
this research to investigate speeding violations in Irbid and
identify the factors that influence this type of violation.

METHODOLOGY

The data for this work was obtained from the Jordan Traffic
Institute (JTI) from 2015to 2019 (PSD and Jordanian Public
Security Directorate, 2019). A total of 17,237 records were
analyzed by applying two types of decision trees: classification
and regression tree (CART) and J48 algorithms, using the WEKA
3.8.4 program (Witten et al., 2016). Humans, vehicles, and
roadways are the subjects of traffic safety investigations

(Alomari and Taamneh, 2020). It is essential to look at these
three elements to determine what causes speeding violations,
accidents, and the best solutions for each high-risk area with a
high accident rate. This study investigated different variables
related to the vehicle, driver, roadway, and environment. The
most critical studied characteristics were identified after referring
to several previous studies discussed in the literature in the
introduction section. Table 1 shows these factors and their
categories.

A decision tree is a machine learning algorithm consisting of
branches and nodes that can handle regression and classification
problems. It starts with the root node, which splits into child
nodes and depends on splitting the data into small subsets to
reach a decision. It is a tree-structured classifier, where internal
nodes represent the features of a dataset, branches represent the
decision rules, and each leaf node represents the outcome. The
tree uses splitting criteria to minimize node impurities such as
gain ratio and Gini index. The pruning technique is used to
increase model precision. There are different types of decision
trees, such as classification and regression trees (CART) and J48
algorithms. CART is one of the most common decision tree types.
It uses the Gini index as splitting criteria and the cost-complexity
model for tree pruning. J48 is the version of the C4.5 algorithms
in theWEKA program. It uses the splitting criterion that depends
on information gain and the single-pass algorithm for tree
pruning (Saravana et al., 2018; Shah et al., 2020; Nathanail
et al., 2019).

In order to determine the locations where the speed
measurements will be taken in the field, the history of traffic
accidents in Irbid city from 2015 to 2019 was scanned and
explored for the most frequent areas of traffic accidents that
were caused by excessive speeds. Based on the available accident
data extracted from the Jordan Traffic Institute (JTI) at the
Jordanian Public Security Directorate (PSD and Jordanian
Public Security Directorate, 2019), seven streets with the most
frequent traffic accidents due to excessive speed were specified:
Fawzi Almulki, Prince Hasan, Al-Hashmi, King Hussein, King
Abdallah II, Petra, and Irbid-Alhoson Streets. Vehicles’ speeds
were measured in September 2021 using a radar gun and a phone
camera between 9:00 and 11:00 a.m. The measurements were
taken in clear weather, daylight, on dry pavement, and away from
interruptions. No traffic law enforcement campaigns were
conducted during measurements. One hundred speed records
were obtained for each site and each method. Figure 1 shows the
hot spot locations for speeding violations.

Radar measurements were taken at points that are safe and
have a clear line of sight on the roadside. Speeds for going and on-
coming traffic were measured by firing the laser towards the
target vehicle and recording the value that appears on the radar’s
screen. To obtain speed measurements from the videos, the
distance between two definite points on the site was measured
using a measuring tape; Table 2 shows these lengths. Figure 2
shows samples for the studied streets.

The time that a vehicle needs to pass the two definite points
was measured by using a stopwatch. By knowing the distance and
the time, the speed of each vehicle was calculated by the following
equation:

Frontiers in Built Environment | www.frontiersin.org June 2022 | Volume 8 | Article 9170173

Al-Mistarehi et al. Factors Affecting Speeding Violations in Jordan

https://www.frontiersin.org/journals/built-environment
www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles


Speed � Distance
Time

× 3.6 (1)

Where:

– Speed: vehicle speed (km/h)
– Distance: distance traveled by a vehicle between the two
definite points (m)

– Time: time a vehicle needs to pass the two definite points
(second)

– 3.6: speed conversion factor from (m/sec) to (km/h).

RESULTS AND DISCUSSION

The important influencing factors were specified using the CART
algorithm in the SPSS software. Age, vehicle type, speed limit, day of

the week, season, accident year, accident time, license category, and
light conditions affect speeding violations. Age groups (26–35) and
(36–45) were associated with high speeding violations levels; this
result is matched with Al-Omari et al., Tseng, Liang and Xiao’s (Al-
Omari et al., 2013; Tseng, 2013; Liang andXiao, 2020) studies. This is
because young drivers underestimate the speeding risk and
overestimate their driving abilities, so they tend to drive at higher
speeds. Another influencing factor is the vehicle type. Passenger cars
violate speed more than other types of vehicles, and this is similar to
Al-Omari et al. (2013), Balasubramanian and Sivasankaran (2021)
concluded that light motor and two-wheeler vehicles increase
speeding violations because of the high number of registered
vehicles. The Annual Report of Traffic Accidents for 2019
mentioned that Jordan’s number of registered vehicles increased
from 1,412,817 in 2015 to 1,677,061 in 2019 (PSD and Jordanian
Public Security Directorate, 2019).

TABLE 1 | Variables description.

Variable Category Count Percent Variable Category Count Percent

Speeding Violation Yes 328 1.9 Gender Female 4,758 27.6
No 16,909 98.1 Male 12,479 72.4

Traffic Way Direction One way 1,470 8.5 Road Alignment Straight 17,021 98.7
Two way 15,767 91.5 Curve 216 1.3

Holiday Yes 827 4.8 Road Type Asphalt 17,038 98.9
No 16,410 95.2 Other 200 1.1

Day of the week Weekend 4,697 27.2 Vehicle Nationality Jordanian 17,084 99.1
Weekday 12,540 72.8 Other 153 0.9

Accident Year 2015 4283 3474 4519 3395 1566 24.8 Weather Clear 16164 93.8
2016 3,474 20.2 Rain 968 5.6
2017 4,519 26.2 Other 105 0.6
2018 3,395 26.2 — — —

2019 1,566 19.7 — — —

Road Surface Condition Dry 15,757 91.4 Road Grade Level 15,833 91.9
Wet 1,431 8.3 Ascending 816 4.7
Other 49 0.3 Descending 588 3.4

Vehicle Type Car 12,954 75.2 Season spring 4,572 26.5
Bus 838 4.9 summer 3,417 19.8
Truck 1,422 8.2 autumn 3,950 22.9
Other 2,023 11.7 winter 5,298 30.7

Age ≤25 2,509 14.6 Accident Time 0:00–6:59 1,580 9.2
26–35 6,252 36.3 7:00–8:59 1,085 6.3
36–45 3,928 22.8 9:00–11:59 2,380 13.8
46–55 2,363 13.7 12:00–16:59 5,380 31.2
56–65 1,103 6.4 17:00–19:59 3,665 21.3
≥ 66 1,082 6.3 20:00–23:59 3,147 18.3

Speed Limit (km/h) ≤30 27 1.6 Light Conditions Daylight 10,590 61.4
40 6,338 36.8 Sunrise 197 1.1
50 4,140 24.0 Sunset 754 4.4
60 5,302 30.8 Dark 321 1.9
70 585 3.4 Night light insufficient 1,460 8.5
80 540 3.1
90 40 0.2 Night light sufficient 3,915 22.7
100 18 0.1

License Category First 5 0.03 License Category Fifth 1,658 9.6
Second 19 0.1 Sixth 1,158 6.7
Third 10,140 58.8 Seventh 50 0.3
Forth 4,082 23.7 Other 125 0.7
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The CART results showed a relationship between speeding
violations and speed limits. A speed limit of 40 km/h affects
speeding violations. Most speeding violations in Irbid are near

residential areas and close to intersections where speed limits
are relatively low. Regarding accident time, the speeding
violations increase during the period (7:00–8:59), which is
known as rush time, and that is similar to (Ambo et al.,
2020) and (Zhang et al., 2014) results. In the morning,
drivers are in a hurry to avoid being late to work, so they
tend to increase their speed. Another influencing factor is the
accident year. The years 2015 and 2016 were associated with
high percentages of speeding violations. A decrease in speeding
violations happened during the years from 2017 to 2019; this
may be because of implementing some countermeasures that
increase road safety, such as installing radar cameras and red-
light cameras. Regarding the day of the week factor, weekdays
experienced high-speed levels. This result is not compatible with

FIGURE 1 | Aerial photo for the hot spot locations (Google Map).

TABLE 2 | Segments lengths for speed measurements by video.

Street name Segment Length (m)

Fawzi Almulki 27.8
Prince Hasan 49.0
Al-Hashmi 39.2
King Hussein 42.8
King Abdallah II 37.4
Petra 46.6
Irbid- Alhoson 41.75

FIGURE 2 | Fawzi Almulki street (left) and Prince Hasan street (right).
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(Shawky et al., 2017) studies. Balasubramanian and
Sivasankaran (2021) concluded that there is no relation
between weekdays and speeding, while Shawky et al., 2017)
concluded that speeding violations increased during the
weekends because of the road-based trips between different
cities. Increasing speeding violations in Irbid on weekdays can
be linked with the accident time factor, where most violations
occur at rush hour on weekdays.

The season is another influencing factor. A high percentage of
speeding violations was noticed in the winter; this result

contradicts (Zhang et al., 2014) study, which indicated no
relationship between season and speeding violations. Slippery
roads in winter because of ice, snow, or rain with low
temperatures increase braking distance, which increases the
probability of speeding (Li et al., 2021). Some factors do not
strongly correlate with speeding violations, such as light
conditions and license category. Regarding light conditions,
daylight affected speeding violations. This result is consistent
with (Balasubramanian and Sivasankaran, 2021) results. The
clear visibility at daylight encourages driving at high-speed
levels. The third category was associated with speeding
violations for the license category factor. This factor can be
linked with the vehicle type factor since drivers with third
category licenses drive passenger cars.

CART and J48 algorithms were applied to assess their
efficiencies in predicting speeding violations. Accuracy, Kappa
statistic, F-measure, and Root Mean Squared Error (RMSE) are

TABLE 3 | Classifiers’ evaluation metrics.

Classifier Accuracy Kappa statistic F-measure RMSE

CART 97.47 0.949 0.975 0.156
J48 97.22 0.944 0.972 0.162

TABLE 4 | Descriptive statistics for radar and video measurements.

Street name Fawzi Almulki Prince Hasan Al-Hashmi King Hussein King Abdallah II Petra Irbid-Alhoson

Radar Measurements

Mean (km/h) 34.8 50.6 43.8 44 51.2 81.2 64.4
Mode (km/h) 34 45 42 43 56 74 71
Median (km/h) 35 50.5 43.5 43.5 52 80 63
50th percentile (km/h) 34.2 50 43 43 51.6 79.7 62.8
85th percentile (km/h) 43 59.7 48.8 51.3 58 93.7 73.7
Violators (%) 0 17 0 2 10 8 3
Speed Limit (km/h) 60 60 60 60 60 100 80

Video Measurements

Mean (km/h) 42 46.2 50.8 45 48.6 72.7 58.5
Mode (km/h) 48.1 46.1 53.9 41.9 45.6 73.3 62.1
Median (km/h) 43 46.1 51 44.4 48.8 72.3 58.8
50th percentile (km/h) 42.95 46.03 50.3 44.3 48.7 72 58.7
85th percentile (km/h) 49.6 57.2 56.7 51.9 56.8 86.5 67.3
Violators (%) 0 3 7 5 10 2 1
Speed Limit (km/h) 60 60 60 60 60 100 80

FIGURE 3 | 85th percentile speeds (km/h).
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the evaluation metrics for assessing the performance of the
classifiers. Table 3 shows the evaluation metrics for these
classifiers.

According to Table 3, all evaluation metrics are nearly
identical. The classifiers’ accuracy scores of 97.47 for CART
and 97.22 for J48 are both excellent. The Kappa statistic and
F-measure results are greater than 0.5 for both algorithms,
showing that the predicted values are very close to the true
ones. The Kappa statistic values are 0.949 and 0.944, and the
F-measure values are 0.975 and 0.972 for CART and J48,
respectively. The RMSE results are relatively low, at 0.156 and
0.162 for CART and J48, respectively. The results for the two
classifiers showed excellent performance, which means that these
algorithms can predict speeding violations efficiently.

As shown in Table 4, the radar and video readings have 50th
and 85th percentile speeds, respectively. Five streets have a speed
limit of 60 km/h, which are Fawzi Almulki, Prince Hasan, Al-
Hashmi, King Hussein, and King Abdallah II streets. The 50th
and 85th percentile speeds for the radar measurements ranged

between (34.2–51.6) km/h and (43–58) km/h, respectively. For
the video, the percentiles ranged between 42.95 and 48.7 km/h
and 49.6–56.8 km/h, respectively. As it was evident from these
ranges, especially the 85th percentile speed, the vehicles’ speeds
do not exceed the speed limit of 60 km/h. This means that the
speed limits are suitable for most drivers. Another observation to
support this result is the low percentage of violators. The highest
percentage (17%) was for Prince Hasan Street, which is not high.
Figure 3 shows the 85th percentile speeds for the radar and the
video readings.

The speed limit on Petra Street is 100 km/h. The 50th
percentiles for the two methods are 79.7 km/h and 72 km/h;
however, 93.7 km/h and 86.52 km/h are the 85th percentile
speeds for each approach. Speeds in the 50th and 85th
percentiles are below the limit. The proportion of people who
have broken the law (8%) is also low. These comparisons and
observations indicate that the speed limit is considered suitable,
safe, and acceptable for most vehicles.

Irbid-Alhoson Street has a speed limit of 80 km per hour. The
radar speed limit for Irbid-Alhoson Street is 80 km per hour in
the 50th and 85th percentiles. Radar readings show that the 50th
and 85th percentiles are 62.8 and 73.7 km/h, respectively. The
values for the video measurements are 58.7 km/h and 67.3 km/h,
respectively. The values are considered acceptable by comparing
these percentiles with the 80 km/h speed limit because they are
less than the speed limit. From the values of the speed
percentiles and the low violators’ percentage of 3%, it can be

TABLE 5 | Kolmogorov-Smirnov test and independent samples t-Test results for each street.

Street name Radar
Kolmogorov-
Smirnov (sig)

Video
Kolmogorov-
Smirnov (sig)

Leven’s
test

t-test
(sig)

Mean (radar)
km/h

Mean (video)
km/h

More accurate
method

Fawzi Almulki 0.20 0.20 0.03 0.00 34.8 42.0 Video
Prince Hasan 0.08 0.20 0.06 0.00 50.6 46.2 Radar
Al-Hashmi 0.20 0.20 0.31 0.00 43.8 50.8 Video
King Hussein 0.20 0.07 0.97 0.35 44 45 No Difference
King
Abdallah II

0.20 0.20 0.30 0.02 51.2 48.6 Radar

Petra 0.20 0.20 0.75 0.00 81.17 72.68 Radar
Irbid- Alhoson 0.15 0.20 0.7 0.00 64.4 58.5 Radar

TABLE 6 | Mann-Whitney U test, results for all readings.

Method Mean (km/h) Kolmogorov-Smirnov (sig) Mann-Whitney
U test (sig)

Radar 52.8 0.00 0.76
Video 51.9 0.00

FIGURE 4 | Data distribution, Radar (left), Video (right).
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concluded that the speed limit is suitable for the traffic stream.
Therefore, speed limits at all locations are suitable and
acceptable. This is further supported by the low number of
traffic accidents at these sites.

A comparison between the radar and the video was conducted
for each site and for all sites together to specify the most accurate
method. The Independent Samples t-test was applied to examine
the data for each site. The normal distribution of the data was
checked using the Kolmogorov-Smirnov test for each site at a
95% confidence level. The test hypotheses are: Ho (the
distribution is normal), and H1 (the distribution is not normal).

As shown in Table 5, a comparison between the two
approaches using the Kolmogorov-Smirnov test was
performed. All of the numbers are greater than or equal to
0.05. (i.e., all the distributions are normal). Since all
distributions are normal, the Independent Samples t-test could
be applied at a 95% confidence level. The hypotheses are: Ho (the
two distributions have equal means, and there is no difference
between the radar and the video), and H1 (the two distributions
do not have equal means, and there is a difference between the
radar and the video).

Also, Leven’s test for equality of variances was conducted. The
test hypotheses are: Ho (the variances are equal), and H1 (the
variances are not equal). Table 5 also presents Leven’s and t-test
results. Leven’s test results indicate that the variances are equal for
all streets (p-value > 0.05), except Fawzi Almulki Street (p-value <
0.05). For Fawzi Almulki Street, the t-test value for unequal
variances was taken. The p-values for the t-test are less than
0.05 for all streets except King Hussein Street. For values less than
0.05, the alternative hypothesis is accepted (i.e., there is a
difference in performance between the radar and the video).
The more accurate method is the one that achieved the highest
mean. The radar is more accurate than the video at four locations:
Prince Hasan, King Abdallah II, Petra, and Irbid-Alhoson Streets.
On the other hand, the video outperforms the radar at Fawzi
Almulki and Al-Hashmi streets. For King Hussein Street, the
p-value for the t-test (0.35) is more than 0.05; we accept the null
hypothesis (i.e., there is no difference in performance between the
radar and the video at this location). This difference in
performance can be attributed to the nature of each method.
During the measurement process, drivers may have noticed the
radar, which may have affected their speed. There may be many
mistakes whenmeasuring the distance and time, which makes the
video readings less accurate.

The data for all locations were examined together. To
determine the suitability of the Independent Samples t-test,
the Kolmogorov-Smirnov test was used to check the normal
distribution of the data. Table 6 shows the Kolmogorov-Smirnov
test results. The values for the two distributions are 0.00, which is
less than 0.05 (i.e., the distributions are not normal); hence, the
Independent Samples t-test cannot be applied here. The Mann-
Whitney U test was applied to specify which method is more
accurate at a 95% confidence level.

The similarity between sample distributions is a key
assumption in Mann-Whitey U tests. The radar and video
measurements are shown in Figure 4. The null and alternative
hypotheses for the Mann-Whitney U test are: Ho (there is no

difference between the radar and the video in measuring speed),
and H1 (there is a difference between the radar and the video in
measuring speed).

As seen in Table 6, the Mann-Whitney U test result (0.76) is
greater than 0.05; the null hypothesis is accepted (i.e., there is no
difference between the radar and the video in measuring speed).
Although there were differences in performance between the two
methods when the data were analyzed separately, these
differences disappeared when the data were examined
together. According to this, the accuracy of the two
approaches is reasonably similar.

CONCLUSION

This research aimed to study speeding violations and the
factors that affect them in Irbid city, Jordan using phone
camera, radar, and machine learning. In addition to that,
seven hot spots (streets with the most frequent traffic
accidents) for speeding violations were specified to assess
speed limits at these locations. A total of 17,237 records
were analyzed by applying two types of decision trees:
CART and J48 algorithms, using the WEKA software.
Different variables related to the vehicle, driver, roadway,
and environment were investigated.

The significant influencing factors were specified using
CART algorithm. Speeding violations were affected by age,
vehicle type, speed limit, day of the week, season, accident
year, accident time, license category, and lighting conditions.
Young drivers tend to underestimate speeding risks and
overestimate their driving abilities. Age groups (26–35) and
(36–45) were associated with speeding violations, with
violators’ percentages equal to (36.3%) and (31.4%),
respectively. Also, winter was associated with a high
percentage of speeding violations. Slippery roads due to
rain, snow, or ice at low temperatures increase braking
distance, which increases speeding violations. Besides,
speed limits affect speeding violations. The speed limit of
40 km/h at residential areas and near intersections was
associated with speeding violations. Additionally, speeding
violations experienced a rise during the morning rush hours
(7:00–9:00 a.m.), where drivers hurry to avoid being late to
work. Moreover, increasing the number of cars, morning rush
hours during weekdays, and clear visibility during daylight
increased speeding violations. Furthermore, results showed
that CART and J48 algorithms predicted speeding violations
efficiently. Finally, Mann-Whitney U test results did not show
any significant difference between the radar and the video.
These two methods almost have the same accuracy.

This research utilized CART and J48 algorithms to examine
speeding violations. For future research, it is recommended to
employ a variety of machine learning algorithms as well as other
programs or programming languages to analyze speeding
violations. Using established statistical and machine learning
techniques, speed violations could also be investigated to
compare how well each method predicts speeding violations.
Moreover, advanced optimization algorithms can be used in
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various fields as solution approaches to challenging decision
problems, including online learning and learning automatons
(LA) based on a decomposition-based multi-objective
optimization framework (Zhao and Zhang, 2020), scheduling
(Abd Elaziz et al., 2021), multi-objective optimization
(Dulebenets et al., 2020; Liu et al., 2020), medicine (D’Angelo
et al., 2019), and transportation (Chong and Osorio, 2018).
Future recommendations could be based on studies that look
at how well-advanced optimization algorithms work and how
well they can predict factors that lead to speeding violations.
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